Motivation: Haplotype information is essential to the complete description and interpretation of genomes, genetic diversity and genetic ancestry. The new technologies can provide Single Molecular Sequencing (SMS) data that cover about 90% of positions over chromosomes. However, the SMS data has a higher error rate comparing to 1% error rate for short reads. Thus, it becomes very difficult for SNP calling and haplotype assembly using SMS reads. Most existing technologies do not work properly for the SMS data. Results: In this paper, we develop a progressive approach for SNP calling and haplotype assembly that works very well for the SMS data. Our method can handle more than 200 million non-N bases on Chromosome 1 with millions of reads, more than 100 blocks, each of which contains more than 2 million bases and more than 3K SNP sites on average. Experiment results show that the false discovery rate and false negative rate for our method are 15.7 and 11.0% on NA12878, and 16.5 and 11.0% on NA24385. Moreover, the overall switch errors for our method are 7.26 and 5.21 with average 3378 and 5736 SNP sites per block on NA12878 and NA24385, respectively. Here, we demonstrate that SMS reads alone can generate a high quality solution for both SNP calling and haplotype assembly. Availability and implementation: Source codes and results are available at https://github.com/guo feieileen/SMRT/wiki/Software.
Introduction
Haplotypes are crucial for genetic analysis, and have many applications such as gene disease diagnoses, association studies, ancestry inference, drug design, linked region detection and designing drugs. Obtaining a haplotype in an individual is useful in several ways such as predicting outcomes for donor-host matching in organ transplantation, and detecting disease associations. The understanding of haplotype structure will be critical for delineating the mechanisms of variants that contribute to allelic imbalances. Due to the sequencing techniques, reads from an individual are decomposed into a set of disjoint blocks. For old data, the assembled haplotype usually contains thousands of small disjoint blocks (Chen et al., 2013) with average less than three SNP sites on each block and reads can only cover a small part of the whole chromosome. In order to get better solutions for haplotype assembly, lots of efforts have been made, as fosmid pool-based next generation sequencing allows genome-wide generation of haploid DNA segments significantly larger than other standard shotgun sequencing technologies (Duitama et al., 2012) . Recently, single-molecule sequencing technologies can provide SMS reads (average length more than 10K bps) and cover about 90% of positions over chromosomes. This allows us to construct more complete haplotype sequences for individuals. The SMS data may also help us to get more accurate haplotype sequences. However, SMS reads have a much higher error rate (more than 10%) comparing to 1% error rate for short reads.
A standard method for SNP detection is to align reads onto a reference genome and filter low-quality mismatches according to their phred score, known as the neighborhood quality standard (NQS) (Altshuler et al., 2000; Ning et al., 2001) . Software packages such as SNPdetector (Zhang et al., 2005) , novoSNP (Weckx et al., 2005) , PolyPhred (Stephens et al., 2006) and PolyScan (Chen et al., 2007) have been developed to examine chromatogram files to detect heterozygous polymorphisms for direct sequencing of PCR-amplified diploid sequences. Li et al. have developed a consensus-calling and SNP-detection method for sequencing-by-synthesis Illumina Genome Analyzer technology (Li et al., 2009b) . They designed this method by carefully considering the data quality, alignment and experimental errors common to this technology. All of this information was integrated into a single quality score for each base under Bayesian theory to measure the accuracy of consensus calling. You et al. have developed a method of consensus and SNP calling, that accounts for errors that occur during the preparation of the genomic sample (You et al., 2012) . GATK used the Bayesian model to calculate the posterior probability of each genotype and detected SNP sites (DePristo et al., 2011; McKenna et al., 2010) . Based on a Bayesian rule, MAQ (Li et al., 2008) assumes that there are at most two alleles at a locus and reports posterior probabilities of three possible genotypes for each individual. A SNP is called if a heterozygous genotype or homozygous variant genotype is reported. SOAPsnp (Li et al., 2009b ) is based on another Bayesian model for ten possible genotypes, and prior information such as dbSNP (Smigielski et al., 2000) can be integrated into this SNP caller. VarScan (Koboldt et al., 2009) (Le and Durbin, 2011; Li et al., 2009a; Martin et al., 2010; McKenna et al., 2010; Parrish, 2013; Shen et al., 2010) . Berger et al. deal with higher ploidy genotype calling (Berger et al., 2014) . Significantly, Quiver (Carneiro et al., 2012) is the legacy consensus model based on a conditional random field approach, which enables consensus accuracies on genome assemblies. Mauricio et al. evaluated the PacBio data for SNP discovery using GATK (McKenna et al., 2010) .
Traditional haplotype assembly methods take a 0-1 matrix as input, where each column represents a SNP site, and 0 and 1 are used to represent two alleles at the SNP site. Most of the existing methods are designed for handling short reads and focus on how to classify reads into two groups and how to construct two haplotype sequences on two groups of reads. Since reads are short, reads cannot be partitioned perfectly into two disjoint sets, each of which consists of non-conflicting reads. The task of classification is very hard. Various functions such as Minimum Fragment Removal, Minimum SNP Removal, Longest Haplotype Reconstruction, Minimum Error Correction (MEC), Minimum Implicit SNP Removal and Minimum Implicit Fragment Removal, Minimum Weighted Edge Removal, and Maximum Fragments Cut have been subsequently proposed (Aguiar and Istrail, 2012; Duitama et al., 2012; Lancia et al., 2001; Lippert et al., 2002) . The proposed methods include various dynamic programming approaches, linear programming approaches, fixed parameters algorithms, greedy heuristic, etc. (Aguiar and Istrail, 2012; Chen et al., 2013 Chen et al., , 2016 He et al., 2010; Pirola et al., 2016) . Schwartz reviewed theory and algorithms for the haplotype assembly problem (Schwartz et al., 2010) . Wu et al. proposed a genetic algorithm for single individual SNP haplotype assembly (Wu et al., 2008) and presented parameterized algorithms of the individual haplotyping problem (Xie et al., 2007) . Eskin et al. designed a dynamic programming algorithm that was able to assemble the haplotypes optimally with time complexity O m Â 2 k Â n (He et al., 2010) . However, none of the above haplotype assembly methods work for long read data. Recently, Seo et al. use both long and short reads to construct the haplotypes of a Korean human genome, where short reads are used for SNP calling (Seo et al., 2016) . Bansal et al. developed a robust tool named HapCUT2 (Edge et al., 2017) for haplotype assembly applicable to long read data. However, the tool requires that the input data are matrices obtained after SNP calling, and they used short reads for SNP calling. Pirola et al. designed an exact algorithm, called HapCol (Pirola et al., 2016) , that has exponential time complexity of the maximum number of corrections for each single-nucleotide polymorphism position and that minimizes the overall error-correction score.
In this paper, we develop a progressive approach for both SNP calling and haplotype assembly that works very well for the SMS data. The general idea of our approach is to (1) initially identify SNP sites supported by strong evidence; (2) based on an initially identified site, construct a sketch including reads covering this initially identified SNP sites such that those reads can obviously be classified into two groups; (3) do error correction for this site and its nearby sites whenever strong evidence is found; (4) repeat steps (1) to (3) using less tight thresholds gradually round by round until weak enough thresholds are used; (5) construct the haplotype by classifying all reads into two groups. Our method can handle more than 200 million non-N bases on Chromosome 1 with millions of reads, more than 100 blocks, each of which contains 2 million bases and more than 3K SNP sites. Experiment results show that the false discovery rate and false negative rate for our method are 15.7 and 11.0% on NA12878, and 16.5 and 11.0% on NA24385. In particular, when the read coverage is more than 30, both false discovery rate and false negative rate are 0. The overall switch errors for our method are 7.26 and 5.21 with average 3378 and 5736 SNP sites per block on NA12878 and NA24385, respectively. When the read coverage is more than 20, the switch error per block becomes 0. Here we demonstrate that SMS reads can generate a high quality solution for both SNP calling and haplotype assembly. Our method only needs long reads and can get compatible results.
Materials and methods
Most of the existing methods do SNP calling site by site by looking at the distribution of nucleotides at each locus. Here, we deal with the SMS data with a high error rate. Thus, we try to use both vertical information (site by site) as well as horizontal information (by looking at nearby sites). This idea is extremely important for this kind of special reads, long and high error rate. Finally, we can do haplotype assembly based on the overlapping information of reads.
Bayesian model
At each locus along the reference genome, one SNP site is called if there are a sufficient number of high-quality nucleotides to indicate a difference between the reference genome and the sample genome. For a haploid genome, there are four kinds of genotypes: G i 2 fA; C; G; Tg; while for a diploid genome, there are 10 kinds of genotypes: G i 2 fAA; CC; GG; TT; AC; AG; AT; CG; CT; GTg. Under a Bayesian model, we calculate the posterior probability of each genotype, via the given long data covering current locus. This computation is used to derive the posterior probability of 10 possible diploid genotypes, and the formulation can be expressed as:
where D represents the given data and G i represents the observed genotype. The term p G i ð Þ is the prior probability of this genotype, according to the estimated SNP rate between the sequenced sample and the reference genome (Li et al., 2009b) . The value of p(D) is constant over all genotypes and can be ignored.
The likelihood p DjG i ð Þ for the assumed genotype G i , is calculated from observing bases in the sequencing read data, defined as:
where b represents the base in a read covering the target locus and D is the set of reads covering the locus. The probability of each base in a read for the observed diploid genotype is defined as:
where b is the base (A, C, G or T) of the read and the genotype G i ¼ fG
The probability of one base for the given nucleotide type, is transformed to a phred-like quality score to indicate the accuracy of the observed genotype, defined as:
where b is the base (A, C, G or T) of the read and Q is the reversed phred quality score of b at this base. Finally, the posterior probability p G i jD ð Þ can be derived from this Bayesian model and the assigned genotype at each locus is the genotype with the highest posterior probability.
Identifying SNPs with strong evidence
At each locus, after obtaining the posterior probability p G i jD ð Þfor each of 10 genotypes with the given long data D, we will determine the real genotype at this site. Our idea is to select the genotype at a locus to be G f if this locus
where G f is the genotype of this locus with the highest probability and G s is the genotype of this locus with the second highest probability. Otherwise, we leave the genotype of this locus undetermined. In this way, we can expect that most of initially identified SNP sites are correct though some SNPs are not yet determined.
Balanced distribution: The Bayesian model is good for finding common SNPs in a population since it uses the prior probability P G i ð Þ of each genotype G i at a locus. To find SNPs that are specific for the individual, we look at the number of occurrences of each nucleotide. Let f(X) be the number of occurrences of nucleotide x 2 fA; C; G; Tg at the locus. A base is identified as a SNP site with genotype fx 1 ; x 2 g if f x 1 ð Þ 2 Â f x 2 ð Þ, where x 1 and x 2 are the nucleotides that occur the most and the second most frequently at the locus, respectively. (Ideally, f x 1 ð Þ ¼ f x 2 ð Þ.) In this way, we can obtain more SNP sites that are not observed by Bayesian model.
Constructing sketches
After obtaining the set of SNP sites based on the Bayesian model and the balanced distribution, we construct a (local) sketch for each identified SNP site. Initially the sketch at each identified SNP site contains all the reads covering the site. We will decompose the set of reads covering the site into two groups.
For any pair of reads r i and r j covering the site, where the overlapping (shared common segment of r i and r j ) contains at least five initially identified SNP sites, we set the similarity score S r i ; r j À Á as þ 1 if r i and r j agree at over 80% of the overlapping initially identified SNP sites; we set S r i ; r j À Á as -1 if r i and r j disagree at over 80% of the overlapping SNP sites; otherwise, we set S r i ; r j À Á as 0. For a pair of reads r i and r j , if their overlapping contains less than five initially identified SNP sites, we also set S r i ; r j À Á as 0. For each read r i , we define the total score of r i as:
where R is the set of the given long data covering the SNP site. We select read r k such that T r k ð Þ is the biggest among all reads covering this SNP site. We then use r k as the starting seed to classify all reads covering this SNP site into two groups: for any read r i covering this site, if S r k ; r i ð Þ¼þ1, then r i is in the same group of r k ; if S r k ; r i ð Þ¼À1, then r i belongs to the other group; if S r k ; r i ð Þ¼0, then r i is not assigned to any group.
Error correction: For each obtained sketch, we can do error correction site by site for each of two groups. For each group, we set the nucleotides of all reads to be the majority type of nucleotide at this site. The error correction process can be calculated from left to right over a chromosome by going through all initially identified SNP sites.
Iterative process with relaxed criteria
To further select SNP sites, we repeat the above process by gradually relaxing the criteria. For next round, we use the Bayesian model such that p G f jD À Á ! 2 Â p G s jD ð Þ, where G f is the genotype of this locus with the highest probability and G s is the genotype of this locus with the second highest probability. When using balanced distribution, we identify a SNP site if f x 1 ð Þ 3 Â f x 2 ð Þ. The process can be repeated several times until enough number of the SNP sites are found. For our program, we just do one round with p G f jD À Á
Þ to initially identify SNPs. We then do one more round with p G f jD
ð Þ to add the second batch of the predicted SNP sites. Based on the simulation, after two rounds, we are able to obtain enough number of the SNP sites.
Haplotype assembly
Once SNP calling is done, haplotype assembly becomes relative easier, since the overlapping information of long data can help to construct the haplotype. The key is to classify all reads into a pair of contrary groups, and classification becomes easier if the read overlapping is long. Simulation examples show that if the overlap of two reads has more than five SNP sites, then we can correctly classify reads by looking at the overlapping information. However, there are still lots of pairs with overlapping less than five SNP sites.
We construct sketches from left to right over a chromosome, where two consecutive sketches are a few SNP sites away. Note that for each sketch, reads have been classified into two groups. There are two possible ways to combine two consecutive sketches together. Therefore, we choose the best way with a minimum number of mismatches to combine the two sketches. Finally, we combine all sketches and produce one haplotype assembly with many disjoint blocks. For each block, we can classify reads into a pair of contrary groups.
Results
We analyze two types of SMS reads, nanopore sequencing data and single molecule real time sequencing data. First, we utilize the simulation data to evaluate our SNP calling and haplotype assembly method. Then, we examine our method on two types of SMS reads. Finally, our method is compared to some existing outstanding methods on NA12878.
Nanopore sequencing data
Nanopore sequencing has the potential to offer relatively low-cost genotyping, high mobility for testing, and rapid processing of samples with the ability to display results in real-time (Ammar et al., 2015; Mikheyev and Tin, 2014; Sovi c et al., 2016) . We get nanopore sequencing data on NA12878/GM12878 (CEPH1463) from https://github.com/nanopore-wgs-consortium/NA12878 (data: 5K bps, coverage: 30Â). These nanopore data have been provided by Mark Akeson et al. (Jain et al., 2017) on the Oxford Nanopore MinION.
Single molecule real time sequencing data
Single molecule real time sequencing (SMRT) allows us to directly achieve sequencing reads with uniform coverage (Chaisson et al., 2015; Eid et al., 2009; Guo et al., 2015) . With such kind of reads, we expect that the number of disjoint blocks will be decreased and the size of each block will be increased. We apply our method to two different sets of SMRT sequencing data. First, we get PacBio sequencing data on NA12878 (Accession: SRX638310) from ftp:// ftp.ncbi.nlm.nih.gov/1000genomes/ftp/phase3/integrated_sv_map/ supporting/NA12878/pacbio (data: 2K bps, coverage: 25Â). These PacBio data have been provided by Eric Schadt, Ali Bashir, Richard McCombie and Christopher Mason on the 1000 Genomes Project (Sudmant et al., 2015) . Second, we obtain NIST Human data on NA24385 (Ashkenazim Trio Son: HG002) from ftp://ftp-trace.ncbi. nih.gov/giab/ftp/data/AshkenazimTrio/HG002_NA24385_son/ PacBio_MtSinai_NIST/ (data: 10K bps, coverage: 69Â). These NIST Human data are part of a diverse dataset generated by the Genome in a Bottle (GIAB) Consortium from the Personal Genome Project (Zook et al., 2016) .
Read mapping
Before SNP calling, we need to align the reads to the reference genome. It is a new challenge to the haplotype assembly problem. We align the reads to GRCh37 (also known as hg19 reference) (Church et al., 2011) , using the read mapping tool BWA_MEM (Li and Durbin, 2010; Li, 2013) . GRCh37 is built from reference genome sequences of different individuals in ftp://ftp.1000genomes.ebi.ac.uk/ vol1/ftp/technical/reference/. It contains 2.99 billion non-N bases in autosomes and chromosome X of the human reference genome.
BWA_MEM is an efficient read mapping tool for aligning query sequences against a large reference genome, from http://github.com/ lh3/bwa. This alignment method automatically chooses the local alignment or the end-to-end alignment. It is robust to deal with sequencing errors and applicable to a wide range of sequence lengths from 70 bps to 1M bps. However, Blasr (Chaisson and Tesler, 2012) and GraphMap (Sovi c et al., 2016) are also the mapping algorithms for analyzing the single molecule sequencing reads.
Simulation study
We start with the reference genome GRCh37. Then, we try to generate a pair of reference genome sequences as follows: (i) The possible SNP sites are determined by the dbSNP release Build 138 data (Smigielski et al., 2000) ; (ii) We randomly assign one of six heterozygous genotypes to each SNP site. The dbSNP from ftp://ftp.ncbi. nlm.nih.gov/snp/ is a free public archive for genetic variation within and across different species.
To generate the simulated long read data, we randomly assign each read in the real data to one of two simulated reference sequences and change the sequence as the same to the assigned simulated reference sequence. After that we add errors randomly to the newly generated reads. For each SNP site, there are n reads. The probability that the ith read at this site is changed can be computed as follows:
where n is the coverage of this SNP site, P i ¼ 10
10 is the basecalling error probability and Q i is Phred quality score for ith nucleotide on this site, e is the error rate of the long read data and default is 0.16.
We randomly pick a real number between 0 and 1; if this number is less than prob i , we modify the type of ith nucleotide to another type. There exist 249 million non-N bases on the Chromosome 1 of human reference genome sequences (GRCh37). On NA12878, 224 million bases ($90%) having sufficient coverage, we generate 4 252 247 reads and produce 104 blocks with average size of 2 163 213 bases. On NA24385, 225 million bases ($90%) having sufficient coverage, we generate 1 932 324 reads and produce 58 blocks with an average size of 3 883 452 bases.
SNP calling
We examine the performance of our SNP calling method on simulation data. We evaluate predicted SNP sites by false discovery rate (FDR ¼ NA12878: There exist 859 136 SNP sites on NA12878 simulated data. Our program selected 615 065 SNP sites with very high accuracy at first round, and add 286 912 SNP sites at the second round. We compare SNP sites predicted by our method on simulation data to dbSNP build 138 data, as shown in Table 1 . We analyze the SNP sites for different coverage. For all sites, our SNP calling method achieves 15.7% false discovery rate and 11.0% false negative rate, respectively. For the sites with cov more than 15, false discovery rate and false negative rate are 10.5 and 2.3%, respectively. We also study the influence of different sizes of pairwise read overlap. For a predicted SNP site, the overlap value on this site is the maximum number of the predicted SNP sites in the shared segments of all pairs of reads covering this site. See Table 1 , the ith column ov erlap ! i contains all predicted SNP sites except those where the overlap values are less than i. For sites with cov more than 25, our method obtains perfect results except when the sites with overlap ¼ 1 are included. With the increase of coverage, false discovery rate and false negative rate decrease. For sites with cov more than 15, let us look at the effect of overlap sizes. With overlap more than 5 sites, our SNP calling method achieves 5.4% false discovery rate and 0.7% false negative rate, respectively. With overlap more than 20, our method obtains perfect results. With the increase of overlap size, false discovery rate and false negative rate decrease.
NA24385: There exist 901 961 SNP sites on NA24385 simulated data. We select 705 961 SNP sites with very high accuracy at first round, and add 263 279 SNP sites at the second round. We compare SNP sites predicted by our method on simulation data to dbSNP build 138 data, as shown in Table 2 . For all sites, our SNP calling method achieves 16.5% false discovery rate and 10.3% false negative rate, respectively. For sites with cov more than 15, false discovery rate and false negative rate are 7.2 and 2.7%, respectively. For sites with cov more than 25, perfect results are obtained. For sites with cov more than 10, we look at the effect of overlap sizes. With overlap more than 5 sites, our SNP calling method achieves 4.9% false discovery rate and 2.3% false negative rate, respectively. With overlap more than 20 sites, our method predicts all SNP sites correctly.
Haplotype assembly
We examine the performance of our haplotype assembly method on simulation data. We evaluate haplotype assembly results by the switch error and the MEC (minimum error correction) score. The switch error is the number of switches between the original haplotype and the reconstructed haplotype. The MEC score is the total number of conflicts (errors) between reads and the reconstructed haplotype sequences.
NA12878: There are 265 disjoint blocks with average size of 3378 SNP sites on NA12878 simulated data. The numbers of switch errors per block are shown in Table 3 . On average, each block contains 7.26 switch errors. We analyze switch errors for different coverage. For sites with cov more than 10, the number of switch errors per block is 1.52. For sites with cov more than 20, there is no switch error at all. With the increase of coverage, the number of switch errors produced by our method decreases. For sites with cov more than 5 sites, we discuss the effect of different overlap sizes. With overlap more than 5 sites, our haplotype assembly method has 2.05 switch errors per block. With overlap more than 20 sites, our method produces no switch errors. With the increase of overlap sizes, the number of switch errors produced by our method decreases. We evaluate our method in terms of error correction on NA12878 simulated data, as shown in Table 4 . Overall, our method has the MEC score of 2 543 217 before error correction and 104 932 after error correction, over total 13 275 150 bases. The MEC rate is 19.1% before error correction and 0.8% after error correction. For sites with cov more than 10, the MEC score is 130 638 before error correction and 7285 after error correction, over total 774 961 bases. For sites with cov more than 20, our method has MEC score 0 after correction. With the increase of coverage, the MEC score produced by our method decreases.
NA24385: There are 167 disjoint blocks with average size of 5736 SNP sites on NA24385 simulated data. The numbers of switch errors per block are shown in Table 5 . On average, each block contains 5.21 switch errors. We analyze switch errors for different coverage. For sites with cov more than 10, the number of switch errors per block is 1.09. For sites with cov more than 20, there is no switch error at all. For sites with cov more than 5, we discuss the effect of different overlap sizes. With overlap more than 5 sites, our haplotype assembly method has 1.56 switch errors per block. With overlap more than 20 sites, our method produces no switch errors. We evaluate our method in terms of error correction on NA12878 simulated data, as shown in Table 6 . Overall, our method has the MEC score of 3 676 057 before error correction and 92 013 after error correction, over total 28 597 361 bases. The MEC rate is 12.9% before error correction and 0.3% after error correction. For sites with cov more than 10, the MEC score is 213 102 before error correction and 5397 after error correction, over total 1 985 521 bases. For sites with cov more than 20, our method has MEC score 0 after correction.
Running time
The running time of our method is related to the size of a block. With the increase of block size, the running time increases linearly. With average coverage 25, the linear growth rate is about 0.15 min/Kbps on NA12878. With average coverage 69, the linear growth rate is about 0.4 min/Kbps on NA24385. 
Real data analysis

Comparison to existing methods
No existing method for SNP calling works for long reads. Thus, we cannot directly compare our method with the existing method for SNP calling. GATK (DePristo et al., 2011) analyzed the HiSeq data (whole genome shotgun) on NA12878 with 60Â coverage, and got 11.2% false discovery rate and 10.1% false negative rate, respectively. Our method analyzed the PacBio sequencing data on NA12878 with 25Â coverage, and got 15.7% false discovery rate and 11.0% false negative rate, respectively. Due to much higher error rate of long reads, our results for long reads is still reasonable comparing to that of short reads.
For haplotype assembly, the existing methods for long reads take a 0-1 matrix as input. HapCUT2 (Edge et al., 2017) was used for haplotype assembly on NA12878 with 11Â and 44Â coverage of SMS reads (switch error rate: 0.0060 and 0.0021), which are also tested by RefHap (Duitama et al., 2010) (0.0065 and 0.0025) and FastHare (Panconesi and Sozio, 2004 ) (0.0090 and 0.0032). HapCol (Pirola et al., 2016) completed haplotype assemble on NA12878 with 20Â coverage of SMS reads (0.0171), also applied to WhatsHap (Patterson et al., 2014) (0.0184). The 0-1 matrix is obtained from SNP calling using short reads. Thus, the above results are based on both short and long reads. We use the simulated NA12878 date with 25Â coverage. Here, we have 901 977 SNP sites on chromosome 1. Among them, there are 1931 switch errors in total. Thus, the switch error rate is 0.0021. We can see that when the coverage is large enough, these methods have comparable switch error rate. It is worth to point out that our results are only based on long reads.
Discussion and conclusion
We have developed a progressive approach for SNP calling and haplotype assembly that works very well for the SMS data. Our 
